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CalmodulinThe interaction of a ligand with a macromolecule has been modeled following different theories. The tenants of
the inducedﬁtmodel consider that upon ligandbinding, the protein–ligand complex undergoes a conformational
change. In contrast, the allosteric model assumes that only one among different coexisting conformers of a given
protein is suitable to bind the ligand optimally. In the present paper, we propose a general framework to model
the binding of ligands to amacromolecule. Such framework built on the binding polynomial allows opening new
ways to teach in a uniﬁedmanner ligand binding, enzymology and receptor binding in pharmacology.Moreover,
we have developed simple software that allows building the binding polynomial from the schematic description
of the biological systemunder study. Taking calmodulin as a canonical example, we show here that the proposed
tool allows the easy retrieval of previously experimental and computational reports. This article is part of a
Special Issue entitled: Calcium Signaling in Health and Disease. Guest Editors: Geert Bultynck, Jacques Haiech,
Claus W. Heizmann, Joachim Krebs, and Marc Moreau.
© 2014 Published by Elsevier B.V.1. Introduction
The interaction of a ligand with a protein may induce at least three
sequential steps, namely the binding of the ligand to the protein, the
induction of a conformational change and ﬁnally the biological effect.
The binding step is followed by technicalmeansmeasuring direct ligand
binding such as free and ligand bound separation, equilibrium and ﬂux
dialysis, surface plasmon resonance and in some speciﬁc case, supramo-
lecular mass spectrometry [1–4]. The conformational step is monitored
by biophysical techniques such as ﬂuorescence spectroscopy, NMR,
microcalorimetry [5–7] and ﬁnally, the biological outcome may be an
enzymatic activity, a change in cellular morphology or the generation
of a second messenger transient signal [8].
Description of such a biological system has been startedmore than a
century ago, starting with the key and lock model of Emil Fischer
(1890), followed by the model of the activity of an enzyme able to
bind a substrate by Henry (1908) and Michaelis and Mentens (1912).
Since then, the subject of ligand binding to oligomeric proteins hasSignaling in Health and Disease.
Heizmann, Joachim Krebs, andbeen covered by numerous reviews and text books, for a historical
personal point of view see [9].
Describing the behavior of a putative biological model needs the
extraction of macroscopic parameters from dose–response curve. These
include the so called Adair–Klotz constants and the maximum and mini-
mum signals [10–12]. These macroscopic parameters may be linked to
themolecular description of themodel. The experimental and theoretical
reasoning to obtain these parameters start with the choice of the experi-
mental readouts (i.e. bound ligand, conformational changes, enzymatic
activity, cellular signal or changes in signaling) and obtention of the
dose–response curves. Fitting of the latter is achieved to obtain Adair–
Klotz phenomenological parameters. These are then deconvoluted to
get microscopic parameters linked to the proposed molecular model.
This molecular description allows predicting the behavior of the system
upon speciﬁc experimental conditions and therefore designing new
experiments in order to address the relevance of themodel. For these rea-
sons, wewill make the linkwith the proposed framework and phenome-
nological parameters in the different sections. Ourﬁrst aim in this paper is
to demonstrate that for a given Adair–Klotz or Fletcher model that in any
caseﬁts to experimental binding data, it is always possible to derive either
an induced ﬁt model or an allosteric model. Our second aim is to pinpoint
the fact that this formalism may be used to help students to link several
models that they approach in different training programs, namely multi-
ple ligand binding to monomeric or polymeric proteins addressed in
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receptor binding in pharmacology.
Here, we begin with introducing the general framework, for the
modeling of one type of ligand on several sites on the macromolecule.
We will extend this approach to address the case of multiple ligands. A
relationship between model and observable signal is also given in this
ﬁrst section. Thereafter, links between the proposed generic models, the
standard induced ﬁt model, allosteric model and mathematical models
(eg. Hill's equation [13]) are discussed. The last section concerns the
development of a MATLAB toolbox designed to build easily the bind-
ing polynomial from the description of the biological system under
study. As we have analyzed the calmodulin system since 1981, we
use it to show the potentiality of such an approach to simulate
previous models.
2. Framework description
2.1. Binding of one ligand to a macromolecule
In this ﬁrst section, let us consider the interaction of a macromolecule
P with n binding sites for a given ligand L. This system can be studied in
different ways. Firstly, one may consider a macroscopic approach in
which focus is put on the number of bound ligand (Fig. 1A). The ratio
between n+1different conﬁgurations (P, PL, PL2… PLn) can bemodeled
according to Adair–Klotz Ki constants:
Ki ¼
PLi½ 
L½   PLi−1½ 
ð1Þ
and a macroscopic binding polynomial P(x):
P xð Þ ¼ 1þ
Xn
i¼1
∏
i
j¼1
K j
 !
 xi ð2Þ
where x= [L].
An alternative to this macroscopic approach is to consider the occu-
pancy of each binding site independently (Fig. 1B). As a consequence,
we distinguish between a PL molecule with the ligand on the j-th site a
PL molecule with the ligand on the k-th site. A given conﬁguration is
now PL1i1…L
n
in written with, for each L, the site number as exponent and
a binary ik index which is equal to 1 when the site is occupied and 0
elsewhere. The equilibrium is now computed through 2n microscopic
βi1 ;…;in constants deﬁned as following:
βi1 ;i2 ;…;in ¼
PL1i1…L
n
in
h i
P½  L½ i1… L½ in : ð3Þ
From thesemicroscopic constants, two sets of parameters are deﬁned:
the individual afﬁnity constant for each site (kj = β0,…,1,…,0 where theA - Macroscopic
Fig. 1.Comparison ofmacroscopic andmicroscopic approaches. Themacromolecule P has threeonly 1 is on the j-th position) and the coupling factors between sites
deduced from β and kj parameters according to the following expression:
ci1 ;i2 ;…;in ¼
βi1 ;i2 ;…;in
∏nj¼1kj
i j :
ð4Þ
With this new set of parameters, the binding polynomial P(x) can be
rewritten:
P xð Þ ¼ 1þ
Xn
j¼1
xj
X
Σqiq¼ j
ci1 ;…:;in  ∏
n
m¼1
kimm : ð5Þ
By identiﬁcation, a relationship between Adair–Klotz constants and
microscopic parameters can be obtained:
K j ¼
X
Σqiq¼ j
ci1 ;…:;in  ∏
n
m¼1
kimm  ∏
j−1
m¼1
1
Km
: ð6Þ
It must be noticed that there is a link between each complex
represented in the scheme of Fig. 1 and each term of the binding
polynomial. For the macroscopic scheme, the complex P is associated
with the binding polynomial term of degree zero, the complex PL with
the term of degree one, and so on. The same observation holds for the
microscopic scheme.
Although such equations have already been described in numerous
textbooks and reviews [14,15], the possibility to derive the binding
polynomial from the description of the biological system has not been
underlined. Moreover, using such a framework when teaching under-
graduate students (since 1990 for one of us) leads to an improvement
in their capability to generate any biological model starting from a
physical description of any enzyme or receptor binding model.
2.2. General framework for the binding of different ligands
Let us now consider a macromolecule P with different ligands that
may bind on different sites. The proposed framework to study such a
system is to consider that each ligand has a unique binding site. This
framework encompasses all the considered cases:
• Phas actually r sites and each of themare associated to a given ligand Lr,.
• P has actually some sites that are associated to the same ligand L, each
binding site is distinguished according to the site number (as for the
case described in Section 2.1).
• P has a given site on which different classes of ligands can bind; we
consider as many virtual binding sites as necessary for the given actual
binding site and ﬁx the coupling factors between each virtual site to 0.
By this way, as soon as a ligand binds on the site, the binding afﬁnity
of other virtual sites is 0.B - Microscopic
sites for ligand L. Thedifferent entitieswith none, one, two or three ligands are represented.
AL1
L2
L1
L2
B
k’1 k’2
L1 L1
L2
Fig. 2.A] Representation of a biologicalmicroscopicmodel of a proteinwith 2 sites, one for
ligand 1 and the other for ligand 2. B] Sequential binding of ligand 1 and then ligand 2.
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r
ir where L
k is the
ligand associated to the k-th virtual site and ik the site occupancy binary
value. As in Section 2.1, the equilibrium is now computed through 2r
microscopic constants βi1 ;…;ir deﬁned by:
βi1 ;i2 ;…;ir ¼
PL1i1…L
r
ir
h i
P½  L1 i1… Lr½ ir ð7Þ
kj and ci1 ;i2 ;…;ir are deﬁned fromβi1 ;i2 ;…;ir as it is the case in Section 2.1.
The binding polynomial becomes:
P x1;…; xrð Þ ¼
X1
i1¼0
X1
i2¼0
⋯
X1
ir¼0
ci1;…:;ir  k
i1
1 …  kirr  x1 i1 …  xrir ð8Þ
where xk = [Lk].
To reach amore compact writing of this polynomial, let A= (a1,∙∙∙,ar,)
be an r-length binary vector containing the site occupancy value for
each site (actual or virtual) and A the ﬁnite ensemble containing all the
possible A vectors. By this way, the binding polynomial becomes:
P x1;…; xrð Þ ¼
X
A
cA  ∏
r
j¼1
kj  xj
 a j" #
: ð9Þ
As in Section 2.1, equivalences betweenmacroscopic andmicroscopic
models and relationship between associated parameters can be obtained.
The demonstration is not described in this paper.
Again, there is a direct link between the different terms of the bind-
ing polynomial and each protein complex.
2.3. Observable signal
To each biological systemwhere the recognition step is described by
the mass action law, we may associate a binding polynomial and from
the binding polynomial, we derive directly the binding isotherm curve
ϑj for the jth site as:
ϑ j ¼ xj 
∂P x1;…; xrð Þ
∂xj
P x1;…; xrð Þ
: ð10Þ
A biological system is studied using a readout that can be measured
using biophysical techniques (spectrometry, microcolorimetry, NMR,
…). For a given system, the overall readout S is measured. This value is
a combination of all the contribution given by every conﬁguration of
the macromolecule. Linking the polynomial site occupancy modeling
to the contributions of each of these complexes to the global signal is
the subject of this subsection.
A “molar signal” σ i1 ;i2 ;…;ir is associated to each complex PL
1
i1…L
r
ir ,
deﬁned by the biophysical techniques used in the experimental set up.
As a consequence, the signalSi1 ;i2 ;…;ir emitted by the complexPL
1
i1…L
r
ir is:
Si1 ;i2 ;…;ir ¼ σ i1 ;i2 ;…;ir 
PL1i1…L
r
ir
h i
PT
ð11Þ
where PT stands for the total macromolecule concentration. We may
express the overall measured signal as a function of the following param-
eters, namely the “molar signal”, the association constant of the complex
and the free concentration of the different ligands in the following equa-
tion (compact representation is used to simplify writing):
S ¼
X
A
SA ¼
X
A
σA 
PL1a1…L
r
ar
h i
PT
: ð12ÞMost of the time, the signal emitted by a complex is only related to
the presence or absence of a particular ligand rather than the entire
conﬁguration of the complex. In this case, the total observable signal
can be deﬁned with the binding ratio of each ligand ϑj and a “molar
signal” speciﬁc to a ligand σj according to the following expression:
S ¼
Xr
j¼1
σ j  ϑ j:
This equation encompasses all the possible models describing a
biological system implying a protein able to bind any kind of different
ligands on any number of different sites. Such equation provides a
compact model that can be used to build general models in synthetic
biology [16,17].
3. Unifying induced ﬁt and allosteric models
Let usﬁrst beginwith the case of induced ﬁtmodelwhich is themost
similar to the one suggested above in Section 2.
3.1. Induced ﬁt
In this subsection, let us consider amacromoleculewith two binding
sites, one for ligand L1 and the other for ligand L2. According to our
formalism, let k1 and k2 be the association constants of each individual
site and c1,1 is the coupling factor between the two sites. In induced ﬁt
model, we consider that with the occupancy of site #1 by the ligand
L1, the protein undergoes a conformational change that may modify
the site #2 and therefore, the afﬁnity for ligand L2 (Fig. 2A). The param-
eter c1,1 models this effect. This parameter is always a positive real and
may be lower than 1meaning that the afﬁnity for ligand L2 is decreased
(negative cooperativity), equal to 1 meaning that the two sites behave
as two independent sites or higher than 1 meaning that the occupancy
of one site induce an increase in the afﬁnity of the twinned site (positive
cooperativity).
Pushing cooperativity to its limits, we obtain the sequential binding
for which the binding occurs in a given order. In the apoform (protein
with no ligands bound), the protein exhibits one unique binding site
H2O
H2O
L
L
L
L
KT
KR = c . KT
k2.H2O = Λ c . k2 . H2O = c . Λ 
A
B
Tense
Relaxed
L
K1
C
Fig. 3. A] Protein able to bind two ligands each on one site, one of the ligand being a water
molecule, B] protein in equilibrium between two states tense and relaxed, each state is
able to bind one ligand, and C] macroscopic model of a protein in which we consider
only the binding of the ligand L. In this model, conformational changes are hidden within
the macroscopic parameter K1 which may vary with experimental conditions.
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protein undergoes a conformational change that unveils a second site
for the other ligand with an afﬁnity k'2 (Fig. 2B). For an enzyme,
where one ligand is the substrate and the second one, an inhibitor,
this case is named the uncompetitive model in most of the text book
of enzymology.
The binding polynomial obtained with the generic framework and
the sequential model is given in Eqs. (13) and (14):
P x; yð Þ ¼ 1þ k1  xþ k2  yþ c1;1  k1  k2  x  y ð13Þ
and
P x; yð Þ ¼ 1þ k01  xþ k01  k02  x  y ð14Þ
where x= [L1] and y= [L2].
By identiﬁcation, we point out that our framework covers the sequen-
tial model with k1 = k'1, k2 = 0, c1,1 = ∞ and the product c1,1 ⋅ k2 = k'2.
The extension of the formula for an r-binding site macromolecule is
straightforward [18]. It should also be noticed that, if all the ligands are
the same, the sequential model and the macroscopic approach are
equivalent from a mathematical point of view.
3.2. Allosteric model
Let us now consider the application of our generic framework to
model an allosteric binding process. Consider a protein in equilibrium
between two conformations (tense and relaxed conformations), each
conformation presenting one site for a ligand L [19]. It is well-known
that proteins are surrounded by water molecules; some of them are
more or less exchangeable. The binding of some water molecules may
modify the conformation of the protein. Using this possibility and illus-
trating it on a scheme considering a protein with one binding site for
one water molecule, we will show that the experimental data obtained
from a binding study does not allow differentiating between an
induced-ﬁt model and an allosteric model.
If we consider that onewatermolecule binds to the protein (water is
the ligand L2), we have equilibriumbetween the protein P in a conform-
er that we name tense and the complex [P–H2O] in a conformer thatwe
name relaxed. In a test tube, the water concentration is about 55M and
could be considered as a constant. As a consequence, the state of the
system may be described as the equilibrium between two conforma-
tions. If we add more water molecule sites (even virtual ones), we
therefore increase the number of conformations in equilibrium. The
biological system is represented in Fig. 3 to illustrate the equivalence
between an allosteric model and a protein able to bind two ligands,
one of them being a water molecule.
In Fig. 3A, we use the same notation as in Section 3.1. In Fig. 3B, we
use to the classical notation for an allosteric model althoughwe are tak-
ing association andnot dissociation constants [20]. In Fig. 3C, the system
is given with a macroscopic approach: we consider only the binding of
ligand Lwith anAdair–Klotz constantK1 thatmay varywith experimen-
tal conditions. Considering the different approaches, we obtain the
three following formulas for the binding polynomial (where x = [L]
and y= [H2O] can be considered as a constant):
P xð Þ ¼ 1þ K1  x ð15Þ
for the macroscopic approach,
P xð Þ ¼ 1þ KT  xþ Λþ c  KT  Λ  x ð16Þ
considering the allosteric model (KT, Λ and c are the standard parame-
ters of this model deﬁned in Fig. 3B) and
P xð Þ ¼ 1þ k1  xþ k2  yþ c1;1  k1  k2  x  y ð17Þwith our generic approach. Using these equations, the relationship
between constants of the different models is obvious. Between
generic and allosteric model, we point out that k1 = KT, k2∙[H2O] = Λ
and c1,1 = c. Between macroscopic and allosteric models, the relation-
ship is:
K1 ¼ KT 
1þ Λ  c
1þ c : ð18Þ
It should be noticed that we obtain one equation with three
unknowns and therefore, the binding isotherm does not allow
distinguishing between the inﬁnity of possible allosteric models.
To select an allostericmodel, it is necessary to show that in a physiological
medium, the protein is in equilibriumbetween at least two conformers. If
water as a solvent is responsible for this equilibrium, modiﬁcation of
water concentration by means of glycerol for instance, must modify the
conformer equilibrium. Recently, Stefan et al. [20] have linked phenome-
nological Adair–Klotz constants and allosteric microscopic parameters.
In this paper, we only aim at showing that the two approaches are
included in the one and same general framework describing the binding
of multiple ligands to a protein. By considering one ligand as water
molecule, this framework allows to link macroscopic Adair–Klotz
constants and microscopic parameters using either generalized alloste-
ric models or induced ﬁt models. In the previous subsection, we have
shown that in this general framework, we are able to generalize the
two state MWC model (Monod, Wyman and Changeux) [19] to take
into account different ligand binding sites but also a set of different
conformations of the proteins.
Moreover, we show here that an allosteric model for a protein that
binds a ligand L on n sites is equivalent to an induced ﬁt model with a
Fig. 4. Screenshot of the MATLAB toolbox.
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be deduced that for a protein that binds a ligand L on n sites, the
number of microscopic parameters for an induced ﬁt model is 2n − 1Fig. 5. Evolution of the number of calcium ions bound per calmodulin depending on the concent
an induced ﬁt approach in A, a sequential approach in B and an allosteric approach in C. The caand is 2n + 1 − 1 for an allosteric model. By increasing the number of
sites forwatermolecules, we increase the number of putative conformers
and therefore, the number and types of equilibria between conformers.ration of free calcium ions, modeled by the polynomial using the parameters in Table 1 and
lmodulin concentration is 2e−7 M.
Table 1
Association constants (ki) and coupling factors (cj) of the polynomial for cooperative, sequential and allosteric approaches and likelihood factor for each ﬁt.
Parameter Cooperative Sequential Allosteric
Sup. parameters
k1000 0.03804 1.817 0.0012
k0100 0.03804 0.1817 0.0012 k00001 4708
k0010 0.001049 0.01817 1.47e−05 C10001, C01001 100
k0001 0.001049 0.001817 1.47e−05 C00101, C00011 1000
C1100 6.255 9.881 5 C11001 2.014e+04
C1010 1 1 1 C10101 1
C1001 1 1 1 C10011 1
C0110 1 1 1 C01101 1
C0101 1 1 1 C01011 1
C0011 1 1 1 C00111 1
C1110 50 237.8 150 C11101 1e+07
C1101 50 1 150 C11011 1e+07
C1011 1 1 1 C10111 1
C0111 1 1 1 C01111 1
C1111 1500 3.489e+04 679.7 C11111 2.562e+10
determination coefﬁcient 0.979 0.9789 0.9789
RMSE 0.2081 0.2088 0.2205
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binding to hemoglobin and to present the hemoglobin model in a
more intuitive manner.
3.3. Mathematical models (Hill's equation)
In this last section, we will link our generic model and phenomeno-
logical models that are often used to model protein–ligand interaction
(e.g. Hill's equation [12]). Let us consider a macromolecule P with two
equivalent (k1 = k2 = k) sites with a cooperativity c1,1 = c for the
same given ligand L. According to our formalism, the binding polynom
is:
P xð Þ ¼ 1þ 2  k  xþ c  k2  x2 ð19Þ
and the binding isotherm of the ligand L is:
ϑL ¼
2  k  xþ c  k2  x2
 
1þ 2  k  xþ c  k2  x2 : ð20Þ
If the observed signal is proportional to the number of L bound on P,
σ= 1 and the global observed signal is equal to this binding isotherm.
From this point, we can consider two extreme cases. If both sites are
independent, c= 1 and the binding isotherm becomes:
ϑL ¼
2  k  x 1þ k  xð Þ
1þ k  xð Þ2 ¼
2
1þ 1
k  x
: ð21Þ
Moreover, if both sites are strongly cooperative, c tends to the inﬁn-
ity and the term corresponding to PL2 become dominant over the term
for PL on numerator and denominator. The binding isotherm becomes:
ϑL ¼
2  c  k2  x2
1þ c  k2  x2 ¼
2
1þ 1
c  k2  x2
: ð22Þ
In both cases, we retrieve Hill's equation:
ϑL ¼
2
1þ KLx
 n ð23Þ
where KL is linked to the microscopic parameters (k and c) and n is the
Hill's coefﬁcient varying between 1 and the number of site according to
the strength of the cooperativity between sites. An extension of thisdemonstration to the case of an r-site macromolecule is given in the
thesis manuscript of Yves Gendrault [21].
4. Building the binding polynomial and simulating the model
4.1. MATLAB toolbox
To simplify the use of our framework, an associatedMATLAB toolbox
has been developed (obtainable upon request to the authors). Such
development has been possible because the formalism is straightfor-
ward and the building of themodel is the same for any biological mech-
anism. As previously indicated, there is a direct link between the
description of the system and the construction of the binding polynomi-
al. Then, the signal function of the system is built from the binding poly-
nomial and themolar signal associated to each protein complex. A copy
of the GUI interface is given in Fig. 4. It is composed of 5 sections. The
ﬁrst section concerns the deﬁnition of the problem. User can specify
the name of the macromolecule, the name of the l ligands, the number
s of available sites and a binding matrix (l × s matrix of true-or-false
values) to associate the binding sites for each ligand. This ﬁrst stage
generates the framework (equation, constants, etc.) for an r-site prob-
lem (r is the number of virtual sites which is equal to the number of
«true» in the binding matrix). c, k and σ parameters are set by default
to 1, except the coupling factors involving two virtual sites correspond-
ing to the same actual one, which are ﬁxed to 0 and hidden for the user.
In the second section, the user can ﬁll automatically generated forms to
set the model parameters. The polynomial as well as the observable
signal are computed by a formal or analytical way and displayed in the
third section. Fourth and ﬁfth sections are used to conﬁgure (min, max,
step, linear/logarithmic…) and display the dose–response curve comput-
ed by the model. Moreover, user can import experimental data on the
same curve in order to ﬁt the parameters. A model equation and curve
display are updated after each parameter change. In this version of the
toolbox, ﬁtting has to be carried out manually. A new version coupled
with an automated optimizer is under construction.
The toolbox allows the user to import and export the simulation
results and/or the complete model structure as a text ﬁle.
4.2. Case of calcium binding to calmodulin
The framework and the associated toolbox are illustrated on the
example of calmodulin–calcium binding. It has been shown that mam-
malian brain calmodulin has four siteswhich can bind calcium ions [22].
The behavior of calmodulin and changes in its conformation during this
binding remain a ﬁeld of numerous studies due the difﬁculty in
Table 2
Parameters extracted from the ﬁtting of Crouch and Klee
experimental data with Hill's equation.
Hill's parameters Extracted value
Kx 24.96
n 1.208
R-square 0.9769
RMSE 0.2100
2354 J. Haiech et al. / Biochimica et Biophysica Acta 1843 (2014) 2348–2355deconvoluting the contribution of each site. For these reasons, different
approaches in modeling calmodulin coexist (Table 1). The ﬁrst ap-
proach is the cooperative model developed by Crouch and Klee [22],
the second is the sequential approach by Haiech [18] and ﬁnally the
third approach is the allosteric one from Stefan et al. [23]. We demon-
strate in the present section that our approach can be used to unify all
threemodels. In addition, a link between theHill's equation andpolyno-
mial approximation is also given. We have covered this type of analysis
in several previous reports [1,18,24–30].
In this section,wewill show that this toolbox eases the simulation of
the calmodulin system, considered as a protein able to bind four calcium
ions, under different a priori hypothesis.
To model induced ﬁt, we use the MATLAB toolbox by specifying cal-
modulin as the macromolecule, Ca2+ as ligand and 4 binding sites for
this single ligand. This leads to the following 4th-order polynomial
with 15 parameters to extract:
P xð Þ ¼ 1þ k1 þ k2 þ k3 þ k4ð Þ  xþ ðc1;1;0;0  k1  k2 þ c1;0;1;0  k1  k3 þ c1;0;0;1  k1  k4
þ c0;1;1;0  k2  k3 þ c0;1;0;1  k2  k4 þ c0;0;1;1  k3  k4Þ  x2 þ ðc1;1;1;0  k1  k2  k3
þ c1;1;0;1  k1  k2  k4 þ c1;0;1;1  k1  k3  k4 þ c0;1;1;1  k2  k3  k4Þ  x3 þ c1;1;1;1  k1
 k2  k3  k4  x4
ð24Þ
where c and k match the deﬁnition given in Section 3 and x is the free
concentration of calcium ions. If the molar signal is equal to 1 for each
bound calcium ion, the observable signal is:
S xð Þ ¼ 1
P xð Þ 
dP
dx
: ð25Þ
S(x) exhibits a sigmoid shape between 0 and 4whatever the parame-
ters. Parameter extraction consists in ﬁnding the set of c and k that mini-
mize the error between the model and experimental dose–response
curve which is extracted from [22]. Such experimental dose–response
curve may be ﬁtted by an Adair–Klotz equation with four parameters.
Therefore, any model implying more than four parameters is obviously
an underdetermined system and some assumptions have to be made on
parameters.
For the cooperative model used by Crouch and Klee, the number of
degrees of freedom is reduced by assuming that calmodulin has two
strong sites with a high binding afﬁnity for the calcium ions and two
weak sites with a low afﬁnity. The afﬁnity of the two latter sites increaseTable 3
Comparison of actual and effective (after assumptions) number of parameters for the
different approaches modeling calcium binding to calmodulin.
Model Actual number
of parameters
(generated by framework)
Effective number
of parameters
(after assumptions)
Induced ﬁt (generic) 15 15
Cooperative model
(strong and weak sites)
15 5
Sequential 15 4
Allosteric 31 7
Macroscopic 4 4
Hill's equation 2 2due to positive cooperativity when strong sites are occupied. To meet
Crouch and Klee assumption, the following rules are set: 1) ratio be-
tween binding afﬁnity for strong and weak sites is at least in a 1:10
ratio; and 2) coupling factors are set to 1 except the c1,1,x,x coupling fac-
tors that are over 10. Fitting is realizedmanually using rootmean square
error (RMSE) and R-square computation as likelihood functions be-
tween model and experimental data. Results are given in Fig. 5-A.
Strong coupling values are required to obtain a good ﬁtting, validating
Crouch and Klee assumption (Table 2).
In the sequential model proposed by Haiech [16], calcium ions bind to
calmodulin in a sequential way (site #1 ﬁrst, then site #2 if site #1 in oc-
cupied, etc.). Assumptionsmade on the parameters of themodel (26) are
now the following: k1= 10 ∙k2= 100 ∙k3= 1000 ∙k4 and coupling factors
are set to 1 except for c1,1,0,0, c1,1,1,0 and c1,1,1,1. Results are given in Fig. 5-B
and Table 1.
The allosteric model is also approached using our generic frame-
work. (Section 3.2). A ﬁfth binding site for a water molecule is added
and the binding polynomial is generated again [18]. Assumptions on
model parameters are the same than for Crouch and Klee's approach.
New binding constants for calcium ion ki are weaker than for the ﬁrst
approach, but cx,x,x,x,1 coupling factor (coupling factor when a water
molecule is bound) are boosted. By this way, the binding of calcium
ions is greatly favored in relaxed conformation. Results are given in
Fig. 5-C and Table 1.
The last point is to check if the polynomial can be approximate
directly by a rough mathematical model, ie Hill's equation in order to
reduce the number of parameters required to ﬁt the model. According
to Section 3.3, Hill's equation corresponding to the observed signal is
given by
S xð Þ ¼ 4
1þ Kxx
 n ð26Þ
with n varying from1 to 4 according to the cooperativity strength andKx
being an apparent binding afﬁnity which should be lower but of the
same order ofmagnitude than the highest ki value obtainedwith the in-
duced ﬁt model. In our case, the best ﬁtting is obtained with n = 1.25
(cooperativity exists but is not so strong) and Kx = 24.96 μM.
5. Conclusion and prospective
Taking calmodulin as an example, we show here that our generic
framework may unify well-established historical models with compara-
ble quality adjustments [28]. The formalism always leads to
underdetermined models and assumptions have to be done in order to
obtain a parameter set that has a biological meaning. In our example, at
least 15 parameters (31 for the allosteric approach) are required for the
generic formalism but this number can be reduced to 4 or less, which cor-
responds to the number of parameters of the macroscopic approach and
to the theoretical maximum number of parameters that may be obtained
for such a problem (Table 3). However, in this case, phenomenological
models, like Hill's equation, seem to be a good tradeoff between model
complexity and accuracy. However, this conclusion should not be gener-
alized and may not be sufﬁcient in most cases [13,31]. Model parameter
extraction is still technically demanding. However, as thedifferentmodels
can be uniﬁed, standard extraction procedures might be established as
well as a global analysiswhen several read-outs exist for a givenbiological
system. Integration of such automated procedures is under construction
for the second version of the toolbox. By perturbing the biological system
under study, it is possible to get insight into themicroscopic parameters.
Such perturbationsmay be brought bymediumperturbation (ion,water
concentration …) or by selected mutations in order to bring speciﬁc
reporter groups as we have shown since 1981 [1,6,18,31–33].
In all cases, the framework presented in this paper covers the vast
majority of biological systems and may emerge as a standard for
2355J. Haiech et al. / Biochimica et Biophysica Acta 1843 (2014) 2348–2355teachingmodeling in a uniﬁedmanner to undergraduate students. It of-
fers a systematic approach to automate the generation and the analysis
of models in training programs in biology covering areas from biophys-
ics to cell signaling.
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